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Reinforcement Learning

State Sy N Action A,
____________ » AGENT i ® Markov Decision Process (MDP,
f)//iJ\ Puterman, 2014)
2z @ Observe the state S;

1
| @® Perform an action A; ~ 7(+|S;)
:
1

© Transition to the next state

Reward Rt +1

{ Sevr~ P(|Se, Ad)
ENVIRONMENT |e—mm ® Obtain reward
Rit1 = r(St, At, Sev1)

State St+1

® Goal: maximize the expected cumulative discounted reward (Sutton and Barto, 2018):

¥ € argmaxJT = E™ lz 'thHl}

SR
el teN



Introduction:
0O@0000

State S} - m
____________ ; AGENT

Reward R;41

{ ENVIRONMENT ]4—

State Syy1




Introduction:
0O@0000

State S} . AGENT Action A,
———————————— 'M 7

Reward Rconf,t+1

) v
Reward ‘R‘A;;;I ENVIRONMENT
""""" (configuration P) TS
State S;41 ~ M;;\

What if some parts of the environment are configurable?
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F1 Driving

Goal of the configuration:
® Find the configuration best suited for
the agent
® Present different configurations to
speed up learning

® Configuration carried out by agent or
external configurator

Same goal for agent and configurator:
cooperative setting
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0 ® Again cooperative setting
o” 0000 Q ® Configuration activity aware of the
0 ’ ’ agent’s capabilities

.Q. 00 ® Side goal: infer the agent's capabilities
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Thousands of
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e Agent and configurator with different
goals: non-cooperative setting
® Different modes of interactions:

® Agent is aware of the configurator
® Agent is unaware of the configurator
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Il - Learning in cooperative Conf-MDPs 11l - Applications of Conf-MDPs
Finite and known environments Policy Space Identification
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Reinforcement Learning in Configurable Environments

State 5 o[ AGENT Action A, * Configurable Markov Decision
____________ > (policy 7) // Process (Conf-MDP)

g @ Observe the state S;
® Perform an action A; ~ 7(-|S¢)
©® Transition to the next state

Reward Rconf,¢+41

! ¥ Sev1 ~ P(-|St, Ar)
! Reward RX;;II ENVIRONMENT o ARgenZ otita;:s(gew:rds ;
---------- figuration P) ‘o t+LAg = Fag(Or, Ae, Or+
— (configuration )//‘};/{\ @ Configurator obtains reward
t+1 ?,}.z;ﬁf“'/ j‘ Rt+1,Conf = rConf(St7 At7 St+1)

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable Markov Decision Processes. Proceedings of the 35th International Conference
on Machine Learning, ICML 2018.



| - Modeling Environment Configurability:
0e00

Reinforcement Learning in Configurable Environments

State St »| AGENT Action Ay * Configurable Markov Decision

@ Observe the state S;
® Perform an action A; ~ 7(-|S¢)
©® Transition to the next state

____________  (policy m) e Process (Conf-MDP)

Reward Rconf,¢+41

| ¥ Seir ~ P[5 A)
' Reward Fagies | ENVIRONMENT O Agent obtains reward
__________ (configuration P) ) Rey1,4g = rag(Se, Ae, Se+1)

State St+1

?}jfj’\ ® Configurator obtains reward

Ri11,conf = rconf(St, Aty St1)

® Expected cumulative discounted reward for agent and configurator:

7, P T, TP _
Jag =E g lZ ’YtRAg,t+11 Soonr =E™F lZ ’VtRCOnf,tJrl]
teN teN

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable Markov Decision Processes. Proceedings of the 35th International Conference
on Machine Learning, ICML 2018.
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Cooperative Conf-MDP

Fag = r'conf =: I

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable
Markov Decision Processes. Proceedings of the 35th International Con-
ference on Machine Learning, ICML 2018.
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Fag = r'conf =: I
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® Simple definition of optimality

® [1 and P policy and configuration spaces
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Non-Cooperative Conf-MDP
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Giorgia Ramponi, Alberto Maria Metelli, Alessandro Concetti, and Mar-
cello Restelli. Online Learning in Non-Cooperative Configurable Markov
Decision Process. AAAI-21 Workshop on Reinforcement Learning in
Games, 2021.
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Cooperative and Non-Cooperative Settings

Cooperative Conf-MDP

Fag = r'conf =: I

7w, P* € argmax J™F

well,PeP

® Simple definition of optimality

® [1 and P policy and configuration spaces

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable
Markov Decision Processes. Proceedings of the 35th International Con-
ference on Machine Learning, ICML 2018.

Non-Cooperative Conf-MDP

rag # IConf

BR(P) p

* (R

P* e argmax Jg,, ¢
PeP

P
woR(P) e argmax S}
el

* Equilibria as solution concepts (e.g.,
Stackelberg (Von Stackelberg, 1934))

® To be further studied...

Giorgia Ramponi, Alberto Maria Metelli, Alessandro Concetti, and Mar-
cello Restelli. Online Learning in Non-Cooperative Configurable Markov
Decision Process. AAAI-21 Workshop on Reinforcement Learning in
Games, 2021.
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Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable Markov Decision Processes. Proceedings of the 35th International Conference
on Machine Learning, ICML 2018.
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* Configuration happens less frequently than policy update and might be expensive (Silva
et al., 2018)
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mell,PeP
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Considerations

¢ Configuration limited to a portion of the environment — parametric setting

P,eP

* Configuration happens less frequently than policy update and might be expensive (Silva
et al., 2018)

7%, P* € argmax J™F — Cost(P)
mell,PeP

* Solving a cooperative Conf-MDP for general configuration space P is NP-Hard (Silva
et al., 2019)

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable Markov Decision Processes. Proceedings of the 35th International Conference
on Machine Learning, ICML 2018.
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Finite and known environments
(Metelli at al., 2018a, ICML)

Continuous and unknown environments
(Metelli et al., 2019a, ICML)
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Learning Algorithms for Cooperative Conf-MDPs

¥, P* € argmax J™F

wel,PeP

Safe Policy Model Iteration
(SPMI)

* Finite state-action spaces
® Known configuration space P

® Monotonic performance
improvement (Kakade and Langford, 2002)

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable
Markov Decision Processes. Proceedings of the 35th International Con-
ference on Machine Learning, ICML 2018.
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Learning Algorithms for Cooperative

Conf-MDPs

T P* ¢

Safe Policy Model Iteration
(SPMI)

* Finite state-action spaces
® Known configuration space P

® Monotonic performance
improvement (Kakade and Langford, 2002)

Alberto Maria Metelli, Mirco Mutti, and Marcello Restelli. Configurable
Markov Decision Processes. Proceedings of the 35th International Con-
ference on Machine Learning, ICML 2018.

arg max J™F
wel,PeP

Relative Entropy Model Policy Search
(REMPS)

® Trust-region method (Peters et al., 2010)
® Continuous state-action spaces

® Learned configuration space P from data

Alberto Maria Metelli, Emanuele Ghelfi, and Marcello Restelli. Rein-
forcement Learning in Configurable Continuous Environments. Proceed-
ings of the 36th International Conference on Machine Learning, ICML
2019.
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Learning to Configure Vehicle with TORCS

* Policy: acceleration, steer, brake (Wymann et al., 2000)
¢ Configurable Parameters

® rear wing angle

® front wing angle

® brake repartition

r I T |
100 —e— Conf --4--- No-Conf
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>
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The. Open Racing
Car’Ssimulator 20 = \ | =
0 20 40
Iteration

Alberto Maria Metelli, Emanuele Ghelfi, and Marcello Restelli. Reinforcement Learning in Configurable Continuous Environments. Proceedings of the
36th International Conference on Machine Learning, ICML 2019.
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Motivations and Problem

® Problem: The configurator should know the perception and actuation capabilities of an
agent to select a suitable configuration

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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Motivations and Problem

® Problem: The configurator should know the perception and actuation capabilities of an
agent to select a suitable configuration

® Research Question: How to identify the policy space of an agent by observing its
behavior?

S1 — — S1 — S1 — — \
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S3 — S3 — / S3 —
—~3

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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Motivations and Problem

® Problem: The configurator should know the perception and actuation capabilities of an

agent to select a suitable configuration

® Research Question: How to identify the policy space of an agent by observing its

behavior?

® Applications
® Configurable MDPs
® Imitation Learning (Osa et al., 2018)

S1 — — S1 —
— ay — al
S9 — 59 —
‘ — A9 ‘ — a9
S3 — S3 — /

\

/

N

— — aq

— a9

S1 — —
S9 —
53 —

—~3

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,

2019b.
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® Agent policy — 7« € g <« Policy space

* Parameter space © c R? ( )

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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® Agent policy — 7« € g <« Policy space

* Parameter space © c R? ( )
® The agent can change d* < d parameters
° | = {1,...,d} subset of indexes
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sufficient
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Policy Spaces and Correctness

® Agent policy — 7« € g <« Policy space

* Parameter space © c R? ( )
® The agent can change d* < d parameters
I <{1,...,d} subset of indexes

©,={0c©:0,=0,Vie{l,...,d}\I}

I* is correct for the agent's policy mgx iff

0 cOi A Viel*:0%¢ O \(iy
S —

sufficient necessary

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
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* ldea: perform hypothesis test for | < {1, ..., d}
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* ldea: perform hypothesis test for | < {1, ..., d}
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® Dataset of samples {(S;, A;)}7_; collected with the agent's policy mg«
e Likelihood of a parameter 8 € ©

n
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Hypothesis Tests

* ldea: perform hypothesis test for | < {1, ..., d}

/Ho)/ o 0* € @/ VS /Hl)/ o 0* € @\@/

® Dataset of samples {(S;, A;)}7_; collected with the agent's policy mg«
e Likelihood of a parameter 8 € ©

n

L(0) =] [re(AilS)

i=1
* Generalized likelihood ratio statistic (Casella and Berger, 2002)

~

_ SUPgepE, L£(0)

~

SUPgeo 5(9)

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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Hypothesis Tests

* ldea: perform hypothesis test for | < {1, ..., d}

/Ho)/ o 0* € @/ VS /Hl)/ o 0* € @\@/

® Dataset of samples {(S;, A;)}7_; collected with the agent's policy mg«
e Likelihood of a parameter 8 € ©

n

L(0) =] [re(AilS)

i=1
* Generalized likelihood ratio statistic (Casella and Berger, 2002)

~

_ SUPgeo, L(0) A ~0 — reject Ho,

Supgeo £(0) Ay ~1 — do not reject Ho

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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Identification Rules

¢ lIdentification Rule: retain all the approximately correct = {1,....,d}:

do not reject Hy; A Vie T reject H, i}
—_— ~

sufficient necessary

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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Identification Rules

¢ lIdentification Rule: retain all the approximately correct = {1,....,d}:

do not reject Hy; A Vie T reject H, i}
—_— ~

sufficient necessary

® Can be simplified under uniqueness of representation

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
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Identification Rules

¢ Identification Rule: retain all the approximately correct = {1,....,d}:

do not reject Hy; A Vie T reject H, i}
—_— ~

sufficient necessary

® Can be simplified under uniqueness of representation

® Theoretical guarantees on misidentification

*
Pr (I # /*) <O <d2exp <—%)>

Alberto Maria Metelli, Guglielmo Manneschi, and Marcello Restelli. Policy Space Identification in Configurable Environments. CoRR, abs/1909.03984,
2019b.
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11l - Applications of Conf-MDPs

Control Frequency Adaptation
(Metelli et al., 2020, ICML)
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Motivations and Problem

® Problem: The control frequency for a system is a
configurable environmental parameter.

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Motivations and Problem

® Problem: The control frequency for a system is a
configurable environmental parameter.
® Applications
® Robot control (Kober et al., 2013)
® Finance, trading (Murphy et al., 2001)

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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® Problem: The control frequency for a system is a
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® Applications
® Robot control (Kober et al., 2013)
® Finance, trading (Murphy et al., 2001)

Control opportunities Sample complexity

High frequency v X

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Motivations and Problem

® Problem: The control frequency for a system is a
configurable environmental parameter.
® Applications

® Robot control (Kober et al., 2013)
® Finance, trading (Murphy et al., 2001)

Control opportunities Sample complexity
High frequency v X

Low frequency X v

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Motivations and Problem

® Problem: The control frequency for a system is a
configurable environmental parameter.
® Applications

® Robot control (Kober et al., 2013)
® Finance, trading (Murphy et al., 2001)

Control opportunities Sample complexity
High frequency v X

Low frequency X v

® Research Question: Can we exploit this trade-off to
find an optimal control frequency?

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.



11 - Applications of Conf-MDPs: Control Frequency Adaptation
[e]e] lelele]ele)

Action Persistence

® Idea: persisting each action for k consecutive steps

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Action Persistence

* Idea: persisting each action for k consecutive steps

® No action persistence

Ao’\f"‘[ ‘50 Ap ~ ’I AQNT( ‘52 A'j 7T 4\/’[ ‘54 5N7T
t—O t—4 t—6

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Action Persistence

* Idea: persisting each action for k consecutive steps

® No action persistence

Ao ’\f"'[ ‘50 Ap ~ ’I A2 NT{ ‘52 A'j 7T A4 ~ T - ‘54 A5 N7'[
t—O t=2 t—4 t—6

* Action persistence (k =3) — policy view
® k-persistent policy (non-Markovian and non-stationary)

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.
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Action Persistence

* Idea: persisting each action for k consecutive steps

® No action persistence

Ao ’\f"'[ i50 Ap ~ ’I A2 NT{ i52 A'j 7T A4 ~ T - i54 A5 N7'[
t—O t=2 t—4 t—6

* Action persistence (k =3) — environment view
® k-persistent MDP (Conf-MDP)

Ao ~ 7i(:|So) As ~ 7i(-]S3)

t=0 t=3
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Control Opportunities

* QF<Q*forall k>1

® How much do we lose by persisting k times the actions?
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* % i
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® Increasing with k
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1-yk-1
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* QF<Q@*forallk>1

® How much do we lose by persisting k times the actions?
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ncreaS|:g w P"*(s’, d|s,a) = w*(d|s") P(s'|s, a)
e Wi(P™",P?): Wasserstein distance
between transition kernels P%(s',d'|s,a) = 6.(a) P(s's,a)
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Control Opportunities

* QF<Q*forall k>1

® How much do we lose by persisting k times the actions?

y
QF —Q*|, <
1QF I, -7 1-7

® Increasing with k

* Wi(P™, P%): Wasserstein distance
between transition kernels

i, Pé)H <Lo[(L+ + 1)LT + 0]

Pyt

® Can be bounded under Lipschitz
conditions (Rachelson and Lagoudakis,
2010)
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Fitted Q-Iteration ( FQI)

Fitted Q-lteration

(Ernst et al., 2005) Empirical Bellman Operators
® Approximation space F (THF)(Si,A)) = Ri + TEEB‘( f(Siv1,a)
* Initial estimate Q(©
® Dataset
D= {(SiaAi,SH—h Ri)}?:]_ ~V
Q(j+1) _ I_I;?* Q(J)
0) s OF
°Q Q s
[ ]

What about Q7
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Persistent Fitted Q-Iteration (PFQI)

Persistent Fitted Q-lteration Empirical Bellman Operators

® Approximation space F
* Initial estimate Q(®
® Dataset

D= {(Si’Ai75i+17 Ri)}7:1 ~Vv

QY) if jmod k=0

QUtY — .
QY otherwise

F Qv
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Persistent Fitted Q-lteration

® Approximation space F
* Initial estimate Q(®
® Dataset

D= {(Si’Ai75i+17 Ri)}7:1 ~Vv

MN-T*QY if jmod k =0

QUtY — .
QY otherwise

Empirical Bellman Operators

(T*F)(Si, A) = Ri +ymaxf(Sis1,)
ae.

_--e
QUtY

F Qv
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Persistent Fitted Q-Iteration (PFQI)

Persistent Fitted Q-lteration Empirical Bellman Operators
* Approximation space F (T*F)(S1,A) = Ri + max f(Sii1,a)
e Initial estimate Q©) (TPF)(Si, A) = Ri + vf(Sis1, A))
® Dataset
D = {(Si, A, Si+1, Ri)}iog ~ v T = (TOH)1T* ~ (ﬂ]:f'(s)k—lnff'*
QU+ _ N-T*QY if jmod k =0

Mr T QY)  otherwise
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Persistent Fitted Q-lteration Empirical Bellman Operators
* Approximation space F (T*F)(S1,A) = Ri + max f(Sii1,a)
e Initial estimate Q©) (T°F)(Si, A) = R + vF(Sit1, A
® Dataset

D = {(Si, A, Si+1, Ri)}iog ~ v T = (TOH)1T* ~ (ﬂ]:f'(s)k—lnff'*
QU+ _ nfz*o@ if jmod k=0

N-T°QY)  otherwise
~ed-Y

° QY o Qf F QU+h
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Sample Complexity: Error Propagation
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Sample Complexity: Error Propagation
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® Decreasing with k

Alberto Maria Metelli, Flavio Mazzolini, Lorenzo Bisi, Luca Sabbioni, and Marcello Restelli. Control Frequency Adaptation via Action Persistence in
Batch Reinforcement Learning. In Proceedings of the 37th International Conference on Machine Learning, ICML 2020.



11l - Applications of Conf-MDPs: Control Frequency Adaptation
[e]e]e]le]e] lele)

Sample Complexity: Error Propagation

)

ot -
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® Decreasing with k

dp(Pé)k—lpm . (Pé)k—lpwa(Pé)b
® Concentrability coefficients C(m) = sup

1.0, T2EMSD dv av
(Farahmand, 2011) dpP™ ... P7m
< sup EET— = Gi(m)
T1yen, TmEMSP dv q,v

a=mdivk b= mmodk
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Sample Complexity: Error Propagation

< — —k C (J 17 p) & (J 1% p)
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)

ot -

® Decreasing with k
® Concentrability coefficients ) T#QU) — QUY if jmod k = 0
(Farahmand, 2011) et = : :
rahmand, T9QW — QU+Y)  otherwise
® Approximation errors —
decreasing with number of
samples
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Control Frequency Trade-Off
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Control Frequency Trade-Off
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e Control Opportunities
® Algorithm-independent

® Increasing with k
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Control Frequency Trade-Off
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e Control Opportunities ® Sample Complexity
® Algorithm-independent ® Algorithm-dependent
® Increasing with k ® Decreasing with k
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Forex Trading

e Task: USD traded with EUR
® Positions: Long, short, flat

—— k=1 k=2
40 [omon b =4 -t k=8

Performance
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Batch size
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Il - Learning in cooperative Conf-MDPs

Configuring the environment can
improve agent'’s optimal performance

1l - Applications of Conf-MDPs

Knowing the agent’s policy space
helps environment configuration

Adapting the control frequency can
improve the learning performance
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Future Works

| - Modeling Environment Configurability

® Multiple agents and multiple configurators

Il - Learning in Conf-MDPs 1l - Applications of Conf-MDPs
® Online learning in cooperative ® Online and dynamic action
Conf-MDPs persistence
® | earning in non-cooperative

Conf-MDPs
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